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Abstract 

Gross Regional Domestic Product (GRDP) is a widely used macroeconomic indicator to 

measure socioeconomic development. A comprehensive GRDP calculation requires 

complete data available from the national level down to minor administrative areas. 

However, institutions that carry out GRDP calculations often face challenges in 

obtaining complex data at smaller administrative levels. This paper explores the use of 

nighttime light (NTL) data as an alternative data source to estimate GRDP and its 

changes. The results of the panel data regression with random effects show that NTL 

data is statistically significant in describing GRDP in various Indonesian provinces. 

However, during the pandemic, NTL was not substantial in describing GRDP and 

showed movements that were not in line with GRDP. 
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1. Introduction   
Gross Regional Domestic Product (GRDP) is a widely used macroeconomic indicator to 

measure socioeconomic development (Bilan et al., 2020; Elshendy & Fronzetti 

Colladon, 2017; Grishin et al., 2019; Marikina, 2018). It represents the sum of the value-

added produced by all regional production units or the total value of final goods and 

services (net) made by all economic units (BPS, 2014). To obtain a comprehensive 

GRDP calculation, Statistics Indonesia requires complete data from the national level 

down to minor administrative areas. 

However, Statistics Indonesia faces difficulties in obtaining data for smaller 

administrative levels, as the effort required to obtain such data is complex and 

challenging. For example, low response rates from household and business 

respondents persist over time (BPS, 2017, 2018, 2019, 2021). Additionally, local 

governments often struggle to provide detailed data, making it burdensome to allocate 

national accounts. Furthermore, taxation data obtained by other National Statistical 

Offices from taxation offices is not yet implemented in Indonesia (Luisa et al., 2020; 

Statistics, 2004). 

Due to a taxation law that protects individual data, detailed data such as annual 

revenue or output cannot be drawn from governmental agencies like Statistics 

Indonesia. To fill the data gap, National Accounts conduct ad-hoc surveys, but 

resource constraints and the non-availability of Subject Matters Areas responsible for 

covering some economic industries often lead to insufficient sample sizes and 

purposive sampling (Suharni & Pertiwi, 2016). The non-availability of these Subject 

Matter Areas also requires Statistics Indonesia to estimate some required numbers for 

financial, real estate, business, and other services economic industries. These data gap 

challenges are becoming more significant during the pandemic, as traditional data 

collection approaches, especially surveys, are not viable and arduous (Suharni & 

Pertiwi, 2016). 

At the same time as the challenges mentioned earlier, an opportunity emerges. 

Some success stories show the potential of using satellite imagery data as a proxy for 

some economic indicators. In 2012, Henderson, Storeygard, and Weil reported that 

they successfully utilized observed night-time light (NTL) as an indicator of income 

across countries and sub- and supranational regions (Henderson et al., 2012). Prakash, 

Shukla, Bhowmick, and Beyer (2019) also found that night-time light correlates 

strongly with GDP and other critical macroeconomic indicators such as industrial 

production and credit growth at a national level in India. Furthermore, in 2020, 

Adhikari and Dhital revealed that decentralization hindered regional convergence 

between first and second subnational regions within a country by exploiting night-time 

lights captured by the U.S. Air Force satellites combined with fiscal, political, and 

administrative decentralization databases (Adhikari & Dhital, 2020). 

Considering this empirical success, we investigated the cross-section correlation 

between the NTL intensities measured by satellites from outer space and levels of 

GRDP in Indonesia. By approximating GRDP by night light data, we hope to alleviate 

the data collection challenges mentioned earlier. Our study contributes to an 

alternative approach to GRDP projections, especially in developing countries like 
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Indonesia, while simultaneously challenging previous findings that state that NTL is a 

robust proxy. 

 

2. Method 
This study analyzes data from 33 provinces in Indonesia quarterly, starting from 

Quarter-1 2018 to Quarter-4 2020. The data used in this study include Indonesia's 

GRDP at a constant price by province sourced from BPS-Statistics Indonesia. Then, for 

NTL satellite data, we employ the average day-night-band (DNB) values of Monthly 

Cloud-free DNB Composite NPP-VIIRS data sourced from Earth Observation Group. 

To obtain spatial data for each province in Indonesia, this study uses Indonesian 

geometric data in the form of Global Administrative Unit Layers (GAUL) and First-

Level Administrative Units sourced from FAO UN. 

We utilize Google Earth Engine (GEE) to generate NTL data per province. GEE 

is a cloud-based platform for planetary-scale geospatial analysis, which allows the 

processing of various geographical data at scale and handles large geographical 

datasets. GEE provides access to numerous remotely sensed datasets and derived 

products, including VIIRS DNB and Global Administrative Unit Layers (Gorelick et al., 

2017). 

This research aims to evaluate the effectiveness of NTL as the alternative 

variable to predict GRDP. Considering that each province's GRDP data has varying 

values and trends, it is not enough to analyze the trend using univariate time series 

(Andiojaya, 2021). To shed light on this matter, this study uses panel data regression to 

get a comprehensive outlook on the variable interaction (Croissant & Millo, 2008; 

Gujarati, 2012; Hill et al., 2018). Generally, the panel data analysis model can be 

expressed in equation (1). 

 

𝐿𝑜𝑔(𝐺𝐷𝑅𝑃𝑖𝑡) =  𝛼 +  𝛽 𝐿𝑜𝑔(𝑁𝑇𝐿𝑖𝑡) +  𝜀𝑖𝑡              (1) 

 
Note: 𝐺𝐷𝑅𝑃𝑖𝑡  is GRDP at Constant Price of ith province and tth quarter;  𝛼  is intercept;  𝛽  is 

regression coefficient; 𝑁𝑇𝐿𝑖𝑡  is nighttime-light Data of ith province and tth quarter; 𝜀𝑖𝑡  = error term 

of ith province and tth quarter; i = 1 to N; t = 1 to T 

 

Before developing the appropriate empirical model for NTL and GRDP, the 

panel data model must be ascertained first. Therefore, the first step in this research is to 

determine which model is more suitable for the data. According to Ekananda (2018) 

and Nachrowi & Usman (2006), the selection of the panel data model can be based on 

the purpose of the analysis or due to various mathematical technical problems. Since 

this research focuses on the effect of the independent variable on the dependent 

variable by considering individual characteristics (province's value) and building the 

assumption of the uncorrelated unobservable variable to the independent variable, the 

random effect method is theoretically sound for this data. Several tests were conducted 

to provide robust evidence for this assumption and to determine the appropriate panel 

data effect method. The Hausman and Breusch-Pagan Lagrange Multiplier tests were 

carried out (Baltagi & Li, 1991; Ekananda, 2018; Greene, 2012; Nachrowi & Usman, 

2006). 
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In addition to investigating the relationship between NTL and GRDP in 

general, this paper also explores the relationship between NTL data and GRDP before 

and during the pandemic. This study generates a binary dummy variable to 

distinguish the quarter before and after the pandemic. This dummy variable marks the 

period from 2018 Q1 to 2019 Q4 as the period before the COVID-19 pandemic and 

serves as the baseline for the dummy variable. Thus, the model built in this paper 

follows equation (2). 

 
𝐿𝑜𝑔(𝐺𝐷𝑅𝑃𝑖𝑡) =  𝛼 +  𝛽 𝐿𝑜𝑔(𝑁𝑇𝐿𝑖𝑡) + 𝐷𝑢𝑚𝑚𝑦𝑃𝑎𝑛𝑑𝑒𝑚𝑖𝑐𝑡 +  𝐷𝑢𝑚𝑚𝑦𝑃𝑎𝑛𝑑𝑒𝑚𝑖𝑐𝑡 ∗

𝐿𝑜𝑔(𝑁𝑇𝐿𝑖𝑡) +  𝜀𝑖𝑡                (2) 

 

3. Empirical Result  
The results of the Haussman and Breusch-Pagan Lagrange Multiplier tests reported in 

Table 1 indicate that the random effect model is better than the fixed effect and 

common effect models. The Haussman test result suggests a random effect since the 

test did not exhibit enough statistical evidence to reject the null hypothesis. Similarly, 

the Breusch-Pagan Lagrange Multiplier test shows enough statistical evidence to reject 

the null hypothesis, leading to the selection of the random effect model as the preferred 

model. 

 

Table 1. Hypothesis and significance result of panel data effect test 

Test Hypothesis p-value 

Haussman H0: using Random Effect 

Ha: using Fixed Effect 

0.975 

Breusch-Pagan Lagrange Multiplier H0: using Common Effect 

Ha: using Random Effect 

0.000 

 

Evaluation of NTL as Predictor for GRDP 

Table 2 presents three key findings. First, the model's optimistic estimator of Log NTL 

and its statistical significance indicate that NTL can be statistically used to estimate 

changes in GRDP. A positive estimator value suggests that an increase in light intensity 

will lead to an increase in GRDP, and vice versa. Second, while the p-value of the 

DummyPandemic variable is not statistically significant, the negative value of the 

estimator may indicate that the GRDP value during the pandemic tended to be lower 

than before the pandemic. This finding confirms that the Covid-19 pandemic caused a 

decline in economic growth in Indonesia throughout 2020. Third, the estimator value 

of the interaction results of the LogNTL and DummyPandemic variables confirms the 

second finding. The estimator of the LogNTL and DummyPandemic variables is -0.012, 

indicating that the relationship between nightlight growth and GDP growth during the 

pandemic was 0.012 points lower than before the pandemic. 

One important finding that needs to be addressed is the low R^2. This 

coefficient of determination indicates that the model can only explain around 11 

percent of the variation in the dependent variable. According to (Cohen 1992) and 

Field (2018), this R^2 value suggests a low interaction between the regressor and 

dependent variable. Despite the model's small R^2, the overall model's significance 
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indicates that NTL is still a promising predictor variable for GRDP. Interestingly, when 

the model generated data during the pandemic (Q1-2020 to Q4-2020), it was found to 

be insignificant, and the adjusted R^2 was small. This model suggests that during the 

pandemic, NTL cannot be used as a proxy for measuring GRDP. 

 

Table 2. Random effect model 

Variable(s) Estimate Std.Error Prob. 

Intercept 17.5338 0.1548 0.000 *** 

Log_NTL 0.0201 0.0032 0.000*** 

DummyPandemic -0.0030 0.0054 0.583 

Log_NTL * DummyPandemic -0.0124 0.0036 0.00057 *** 

R2   0.1083 

Adjusted R2   0.1015 

Chi Square on 3 DoF   47.631 

p-value   0.000 

Note on Signif. 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

 

Table 3.  Random effect model during pandemic 

Variable(s) Estimate Std.Error Prob. 

Intercept 17.5181 0.1656 0.000 *** 

Log_NTL -0.0085 0.0057 0.1365 

R2   0.0168 

Adjusted R2   0.0092 

Chi Square on 3 DoF   2.2172 

p-value   0.1365 

  Note on Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

 

Figure 1 presents the real value of GRDP, while Figure 2 shows the predicted 

value of GRDP calculated based on the model. The two figures demonstrate that the 

GRDP values in some areas exhibit similar movements with the observed GRDP 

values, such as in West Sumatra, Riau, Jambi, Bengkulu, and North Sulawesi. 

However, for other provinces, the predicted value of GRDP generated by the model 

does not show promising results. 
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Figure 1. Trend line of observed GRDP by Province from Q1-2018 to Q4-2020 

 



 
 

Jurnal Inovasi Ekonomi Vol. 08 No. 01 April 2023 
 

7 
 

Figure 2. Trend line of predicted GRDP by Province from Q1-2018 to Q4-20
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4. Conclusions 
Based on the model developed in this study, the NTL variable is found to be 

statistically significant in explaining variations in the value of GRDP. The model 

provides a good predicted value of GRDP whose trend is similar to the observed value 

of GRDP in several provinces, but in other provinces, the predicted value tends to 

move in a different direction from the actual value. During the pandemic, the model 

shows an insignificant relationship between NTL and GRDP. From the author's 

perspective, this result might be due to the dominance of the informal sector over the 

formal sector in Indonesia's economic structure. Therefore, future research needs to 

consider other data as control variables to overcome the limitations of this model. 

Despite its shortcomings, NTL can still be considered as an alternative data source for 

measuring a region's economy. 
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